Motivation: Novel sequencing techniques can give access to organisms that are difficult to cultivate using conventional methods. When applied to environmental samples, the data generated has some drawbacks, e.g. short length of assembled contigs, in-frame stop codons and frame shifts. Unfortunately, current gene finders cannot circumvent these difficulties. At the same time, the automated prediction of genes is a prerequisite for the increasing amount of genomic sequences to ensure progress in metagenomics. Results: We introduce a novel gene finding algorithm that incorporates features overcoming the short length of the assembled contigs from environmental data, in-frame stop codons as well as frame shifts contained in bacterial sequences. The results show that by searching for sequence similarities in an environmental sample our algorithm is capable of detecting a high fraction of its gene content, depending on the species composition and the overall size of the sample. The method is valuable for hunting novel unknown genes that may be specific for the habitat where the sample is taken. Finally, we show that our algorithm can even exploit the limited information contained in the short reads generated by 454 technology for the prediction of protein coding genes.
INTRODUCTION
Novel sequencing methods have recently revolutionized the field of genome research. The sequencing of samples isolated directly from the environment allows access to organisms that can not be cultivated in the laboratory (Breitbart et al. (2002) , Tyson et al. (2004) , Venter et al. (2004) ). Additionally, the massively parallel pyrosequencing system which was recently developed by 454 Life Science, Inc, has dramatically dropped the time and cost constraints of DNA sequencing (Margulies et al. (2005) ). The application of 454 technology provides larger amounts of sequences at a lower cost compared to traditional DNA sequencing methods. These sequences are of great value for the identification of novel genes that can not be found in organisms cultured with traditional methods. The importance of such approaches is stressed by the fact that only a fraction of the living organism found in natural environments can be cultured by conventional methods (Tringe and Rubin (2005) ).
The isolation and sequencing of DNA derived from diverse and mixed microbial communities is known as metagenomics, environmental genomics or ecogenomics. Although still in its infancy, this rapidly developing field has provided striking insights into the ecology and evolution of natural occurring microbial communities. Fields such as health and biotechnology have already benefited from metagenomics (Lombardot et al. (2006) , Furrie (2006) , Schloss and Handelsman (2003) , Edwards and Rohwer et al. (2005) , Edwards et al. (2006) ).
Gene finding in environmental samples
Two different approaches are applied for predicting protein coding genes in bacterial genomes; intrinsic and extrinsic methods. Intrinsic methods (e.g. GLIMMER Delcher et al. (1999) , GENE-MARK Besemer and Borodovsky (1999) ) analyze sequence properties of genomes to discriminate between coding sequences (CDS) and non-coding ORFs (NORFs). These methods exploit the different compositional properties of coding and non-coding sequences, which are mainly caused by a bias on codon usage in the CDS to optimize the translation efficiency (Gouy and Gautier (1982) ).
In contrast, extrinsic methods (e.g. CRITICA Badger and Olsen (1999) , ORPHEUS Frishman et al. (1998) ) predict genes by searching for stretches of DNA that were conserved during evolution. The success of extrinsic methods can be explained by the fact that during evolution most of the new genes are formed by duplication, rearrangement and mutation events of existing genes (Chothia et al. (2003) ).
The prediction of protein coding genes in environmental samples is problematic for several reasons. One is the low sequence quality of the assembled contigs which may lead to frame shifts and in-frame stop codons in the CDSs contained therein. Another problem is that assembled contigs may be too short to reveal the genome specific sequence properties, which are crucial in the application of intrinsic gene prediction methods. These reasons limit their application to environmental samples. Currently, the majority of the CDSs in environmental samples are identified based on a BLAST search against databases of known proteins.
Species that are abundant in natural environments will also be over-represented in the samples. These species do not represent a problem while assembling them, and large stretches of their genomes can be obtained. But, the under-represented species constitute a challenge since for those only short contigs with low coverage are obtained. One problem related to the low coverage is that these contigs are even more prone to contain in-frame stop codons or frame shifts. Therefore, applying existing gene finders to environmental samples is fraught with difficulties because they were not designed to cope with this type of errors and short contigs.
Strategy
The main idea for the novel gene prediction method presented in this work is to search for stretches of DNA that are conserved within the environmental sample. Here, the algorithm does not rely on a pairwise sequence comparison, but instead it combines information from all BLAST hits at the same time. Conserved coding sequences are discriminated from conserved non-coding regions based on their synonymous substitution rate.
In functional proteins, the coding genes show a much higher number of synonymous substitutions than in non-coding sequences. The rate of synonymous to non-synonymous substitutions (k S /k A ) reflects the interchange of positive selection and neutral evolution. Therefore, investigating the number of synonymous and nonsynonymous substitutions can supply valuable information on whether or not a sequence stretch is under constraint for functional selection. This information can be used for the identification of genes in bacterial and eukaryotic genomes (Badger and Olsen (1999) , Nekrutenko et al. (2003a) , Nekrutenko et al. (2003b) and Moore and Lake (2003) ).
For the prediction of protein coding sequences contained in a contig from an environmental sample, first a BLAST search against a nucleotide database is conducted. For this in principle any nucleotide database can be used, e.g databases containing complete genomes, metagenomes or known genes. To search for novel habitat specific genes a BLAST search against a database that exclusively contains all sequences from that sample can be employed. Subsequently, the algorithm needs to discriminate if the BLAST hits match conserved coding sequences, conserved non-coding regions, or shadows of CDSs in another reading frame. Additionally, a CDS may be embedded in long BLAST hits. For this case, the gene boundaries need to be identified. Given all BLAST hits for a contig, the algorithm will find the best path through all hits at the same time. In order to accomplish this task, several different features are taken into account: (a) the synonymous substitution rate at each position in the contig, (b) the positions of stop codons in the contig and (c) the position of stop codons in matching database sequences. Additionally, the end of BLAST hits are considered as possible indications for the boundaries of coding regions.
In the gene prediction process the algorithm will avoid in-frame stop codons, but otherwise will favor regions with a high synonymous substitution rate. The outcome of the BLAST hits are used to assign six scores to each nucleotide, one for each of the six possible reading frames, reflecting the nucleotides coding potential in this reading frame. Scores are assigned by counting the number of synonymous and non-synonymous substitutions at each position for each of the six reading frames. As a result, a scoring matrix with scores for each nucleotide in the contig is obtained. Based on these scores, a dynamic programming method is applied to find the optimal path through the matrix that maximizes the overall score (the sum of all scores on the path). The usage of a combined score for all BLAST hits should result in a superior performance compared to methods that rely on simple pairwise sequence alignments. The advantage should be particularly profound when a database of low quality with short contigs and many frame shifts is used for the BLAST based search for conserved sequences.
METHODS

The gene prediction algorithm
The algorithm can be divided into four phases: (1) a BLAST based search for conserved sequences (2) the calculation of combined scores (3) the prediction of coding sequences by dynamic programming and (4) the postprocessing.
Phase 1: Blast based search for conserved sequences During the first phase of the algorithm a BLAST search against a nucleotide database is conducted. Hereby, the contig as well as all sequences in the database are translated into all six reading frames (if the database contains known genes only the contig will be translated into all six reading frames). As the BLAST search is conducted on the amino acid level, each obtained hit is associated with a specific reading frame in the contig. The BLAST hits obtained are filtered, hits with k S /k A < 1 are excluded from the subsequent analysis as these do not indicate the presence of a coding sequence.
Phase 2: Calculation of combined scores In the second phase of the algorithm, the remaining hits are used to assess the coding potential of each nucleotide in the contig. Given a contig c of length n, c[i] denotes the nucleotide at position i of that contig (1 i n). A nucleotide c[i] could be coding in one of the six reading frames k 2 {À3, À2, À1, +1, +2, +3}, or non-coding, denoted by k ¼ 0. For each position i and for each reading frame k, the number of synonymous and non-synonymous substitutions at position i are counted (Figure 1 ). This is done by comparing the nucleotide sequence of the contig to the nucleotide sequence of all BLAST hits in this reading frame. The number of synonymous and non-synonymous substitutions are used to score that c[i] is coding in reading frame k. Synonymous substitutions contribute with a positive score, non-synonymous substitutions with a negative score. Additionally, the correct ends of the coding sequences need to be determined. Therefore, stop codons in the contig are penalized with a negative score in the according frame. For a given BLAST hit both the contig and the matching database sequence of the BLAST hit may contain stop codons. To discriminate between real stop codons and stop codons introduced by sequencing errors, additionally negative scores are applied for: (a) all stop codons in the database sequences of the BLAST hits, (b) for ends of BLAST hits, as these also may indicate the boundaries of genes (Figure 1 ). Subsequently, each score obtained is normalized by the number of hits that contribute to that score. Using this strategy for all BLAST hits in reading frame k, a single combined score that reflects the coding potential of the contig at position i in this reading frame is derived. Additionally, for k ¼ 0 a score of zero is assigned to each position i of the contig. As a result, a scoring matrix s ik is derived which provides a position specific score that the contig is coding in one of the six reading frames or non-coding (Figure 1 ).
Phase 3: Prediction of coding sequences Coding sequences are predicted in the third phase. To assign one of the six reading frames k (or k ¼ 0 for non-coding) to each position of the contig, the algorithm searches for the path in the scoring matrix s ik that maximizes the sum of all scores on the path. According to the optimal path, each position i of the contig is subsequently labeled with the frame k it passes through at this position. Depending on their reading frame, genes may only start or L.Krause et al.
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stop at certain positions. Therefore, a valid path may not jump arbitrarily between frames, but instead underlies certain restrictions. To be precise, the set V(i, k) of all valid precursors of a frame k at position i is defined as:
where j ¼ (i À 1)mod 3+1. Figure 2 depicts the scoring matrix of combined scores and the calculation of the optimal path. This figure also introduces several terms used in the following. The optimal valid path for a scoring matrix s ik can be calculated using dynamic programming by the following recursion:
where q is a negative score that is added to leave a gene on the forward strand or to enter a gene on the reverse strand (2q are added if a gene on the forward strand is left and a gene on the reverse strand is entered at the same time). Thus, q is added for each 5 0 end of a gene on a path. The penalty q was introduced to predict genes only in areas with sufficient coding evidence. The calculated value f i (k) is the maximal score of all paths that enter s at position 1 and pass through k at position i.
Phase 4: Postprocessing During the post-processing phase, the predictions are joined and frame shifts are identified. When a BLAST search against a database of short contigs is employed, genes may be covered only partially by hits which may result in the prediction of several fragments. This is particularly profound when a BLAST search against reads provided by the 454 technology is conducted. Therefore adjacent predictions within the same reading frame are joined if (a) their distance on the contig does not exceed 400 bp and (b) the sequence of the contig that separates the predictions does not contain an in-frame stop codon.
To identify frame shifts that were introduced by sequencing errors all adjacent predictions located on the same strand but within a different reading frame are predicted as frame shifts if (a) their distance on the contig is less than 200 bp and (b) they do do not have an in-frame stop codon close to the potential frame shift. As an optional postprocessing step, our algorithm can also extend predicted CDS to the longest possible ORF available for that prediction.
Implementation
The algorithm was implemented in PERL using an object oriented approach.
Measuring the performance
To evaluate the performance of the novel gene finder predictions were compared to known annotated genes. For this purpose, two measurements BLAST hits matching the respective reading frames are displayed as blue bars below the reading frame. B) The nucleotide sequence of each reading frame of the contig is compared with all database sequences matching this reading frame. The number of synonymous and non-synonymous substitutions at each position is used as a score that the contig at this position is coding in the respective reading frame. C) The number of synonymous substitutions at each position are used as a positive score. The number of non-synonymous substitutions at each position contribute with a negative score. D) The calculated scores for each position and reading frame are stored in a matrix. For k ¼ 0 a score of zero is assigned to each position i of the contig. Penalties are additionally added to the respective position and reading frame for stop codons in the contig (S1), in the matching database sequence (S2) as well as for the end of BLAST hits (E1).
Predicting genes in metagenomes e283 are widely used: sensitivity and specificity. Sensitivity is a measure of the ability of the algorithm to predict known genes and is defined by Sens ¼ TP TPþFN . The specificity is a measure of the reliability of the predictions, given by the ratio Spec ¼ TP TPþFP . For the evaluation of the performance predictions were extended to the next 5 0 stop codon. If an annotated CDS ends at that stop codon the prediction was counted as true positive (TP). Otherwise, the prediction was regarded as a false positive. All genes that are not completely embedded in the contigs are named truncated genes. These genes may appear at the end or beginning of the assembled contigs, therefore lacking the start or termination site of the gene. Truncated genes were excluded from the analysis.
Training GLIMMER on a synthetic metagenome
The prokaryotic gene finder GLIMMER version 3.01b was used to predict the genes of a synthetic metagenome (described in Materials). For the training step, all fragments of this metagenome were chained to one continuous contig. Adjacent fragments were concatenated with a linker sequence containing a stop codon in each of the six reading frames. Subsequently the GLIMMER ICM model was trained on the chained contig.
MATERIALS
Metagenome obtained with pyrosequencing
The performance of the algorithm was evaluated on a metagenome of a bacterial community isolated from the Solar Salterns in San Diego, CA (B. Rodriguez-Brito, R. Edwards, and F. Rohwer, Unpublished). Total community DNA was purified as described elsewhere (Edwards et al. (2006) ) and sequenced using pyrosequencing by 454 Life Sciences, Inc, (Branford, CT). Using the 454 technology %60 Mb were obtained with an average read length of 100 bp. The reads were assembled using Phrap (Green (1994) ). This resulted in 80,878 contigs with 16 Mb in total. In the following, this set is called all contigs. From this set a subset of contigs longer than 1,000 bp (2,244 contigs with 3.8 Mb in total) was selected, called hereafter long contigs.
The environmental sample from the Sargasso Sea
For the prediction of protein coding genes in metagenomes, the environmental sample from the Sargasso Sea (Venter et al. (2004) ) was used as BLAST database during the search for conserved regions in the first phase of the algorithm. To save computational time, only half (%390 Mb) of the entire Sargasso Sea sample was used.
Generating a synthetic metagenome
As a proof of concept, the algorithm was evaluated on a set of nine completely sequenced and annotated genomes (seven Bacteria and two Archaea, see Table 1 ). Members from the alpha, gammaproteobacteria and cyanobacteria groups were selected as they were reported to be abundant in the Sargasso Sea sample (Venter et al. (2004) ). We also added Archaea to the evaluation set because they can be regarded as under-represented species in surface water marine environments. All genomic sequences and their respective annotations were downloaded from the NCBI Reference Sequence database (RefSeq) release 15 (Pruitt et al. (2005) ). A synthetic metagenome with known CDSs was created by splitting the genome of each of the nine organism into fragments of length 4000 bp. A subset of non-hypothetical genes was created based on the annotated gene products from the public annotations. In this set all annotated genes with a gene product description of 'hypothetical protein' were excluded. Additionally, artificial sequencing errors (frame shifts and in-frame stop codons) were incorporated into all genes of the synthetic metagenome. In order to perform a systematic evaluation, all artificial sequencing errors were added to the synthetic metagenome in a controlled way. In one experiment, in-frame stop codons were added to the center of each gene of the original synthetic metagenome. In a second experiment frame shifts were incorporated to the center of all genes of the original synthetic metagenome. Fig. 2 . Predicting coding sequences by calculating the optimal path in scoring matrix of combined scores. This figure shows the scoring matrix s ik for the first seven positions of a contig. All valid paths in the scoring matrix are indicated with arrows. A gene is entered, if a path passes through frame k 6 ¼ 0 with the precursor frame k 0 6 ¼k. Accordingly, a gene is left, if a path that comes from a precursor frame k 0 6 ¼0 enters a frame k6 ¼k 0 . The bold arrows depict an example path predicting a 3 bp long gene on the reading frame +3 
RESULTS
Gene prediction in a synthetic metagenome using the environmental sample from the Sargasso Sea
Our algorithm can be used to identify genes contained in an environmental sample by directly searching for conserved regions within the sample. This approach may elucidate novel unknown genes present in the environmental sample which may be specific for the habitat the sample was taken from. The performance of the algorithm of predicting genes in an environmental sample by running a BLAST search against the sample itself was evaluated on the environmental sample data from the Sargasso Sea (Venter et al. (2004) ). But, instead of drawing the contigs for which the genes are predicted directly from the Sargasso Sea sample, we used a more controlled and reliable data set. We chose several completely sequenced and annotated genomes from Bacteria groups that were also reported to be present in the species composition of the Sargasso Sea sample (Venter et al. (2004) ). The genomes of these organisms were split into fragments of size 4000 bp, together forming a synthetic metagenome as a reliable standard of truth. Subsequently the genes of these contigs were predicted with our algorithm based on a BLAST search against the Sargasso Sea sample. To accurately evaluate the prediction performance that can be expected for a 'real' metagenome, sequences from alpha and gammaproteobacteria which are reported as over-represented in the Sargasso Sea sample, cyanobacteria which are modest abundant, as well as sequences from extremely scarce groups (two Archaea members) were included. The performance of the algorithm was measured by comparing the genes predicted for the synthetic metagenome with the known genes from the public genome annotations. To additionally evaluate the performance for sequencing errors that may frequently occur in metagenomes, three validation sets were used: (1) synthetic metagenome without artificial sequencing errors, (2) synthetic metagenome with in-frame stop codons and (3) synthetic metagenome with frame shifts.
Experiment 1: Gene prediction in a synthetic metagenome without artificial sequence errors The sensitivity and specificity reached by the algorithm for each organism contained in the synthetic metagenome is shown in Table 2 . The results show that the sensitivity of the method strongly depends on the abundance of the different groups of Bacteria in the sample. While for the more abundant alpha, gammaproteobacteria and cyanobacteria an average sensitivity of 79% for all genes and 89% for the subset of non-hypothetical genes is achieved, for the Archaea the sensitivity is strongly reduced. The lower sensitivity for the Archaea was expected because this group is very rare in surface water marine environments and hence extremely scarce in the environmental sample from the Sargasso Sea. For the two cyanobacteria contained in the synthetic metagenome even a sensitivity of more than 94% is achieved for the non-hypothetical genes. In contrast, with a specificity between 88% and 99% the algorithm is highly specific for all groups. On average the specificity is 95%. The considerably lower overall sensitivity (Sens all ) when compared to the sensitivity for the subset of non-hypothetical genes (Sens nh ) can be explained by the fact that most of the genes labeled as 'hypothetical protein' in the public annotations were originally predicted with intrinsic methods. Many of these genes are either orphans (genes without sequence similarity to any known gene) or in fact non-coding and hence wrong annotations.
Experiment 2: Gene prediction in a synthetic metagenome with artificial in-frame stop codons In the second experiment the performance of the algorithm was evaluated on genes containing in-frame stop codons. Therefore, an in-frame stop codon was added to the center of each annotated gene in the synthetic metagenome. In addition to the sensitivity and specificity, the percentage of true positives (TP) that span the artificially added stop codons was measured. In comparison to the synthetic metagenome without artificial sequence errors, for the genes with in-frame stop codons only a slight reduction in sensitivity and specificity was registered. The sensitivity is reduced by 1.7% for all genes and 1.3% for the subset of non-hypothetical genes. The reduction in specificity is 0.3%. On average, for 77% of all identified genes (TP) the prediction also spans the added in-frame stop codon (Table 3) and therefore correctly recognizes the stop codon as sequencing error. Strikingly, for the synthetic metagenome without artificial sequence errors only 4 predictions wrongly span a 'real' stop codon terminating the translation. These results demonstrate that the algorithm is quite robust for the task of identifying functional genes containing in-frame stop codons, generated by sequencing errors. These results also reveal the strength of our method to incorporate several features to determine the boundaries of coding sequence and to discriminate between 'real' stop codons and those introduced by sequencing errors.
Experiment 3: Gene prediction in a synthetic metagenome with artificial frame shifts In the third experiment the performance of the novel algorithm to predict frame shifts introduced by sequencing errors was evaluated. Therefore, an artificial frame shift was Sens all refers to the sensitivity calculated over all genes contained in the synthetic metagenome. Sens nh is the sensitivity calculated over all non-hypothetical genes. The entire Bacteria group represents the most common organisms in the Sargasso Sea sample. While the Archaea is the extremely scarce set for surface water marine environment.
Predicting genes in metagenomes e285 added to each of the genes of the synthetic metagenome. For this data set, those predictions that do not match a fragment of an annotated gene where counted as false positives (FP). For those annotated genes of which at least one of its fragments is identified were counted as true positives (TP). Compared to the synthetic metagenome with no artificial mutations, the sensitivity and specificity is again only slightly reduced (Table 4) . For this data set, 66% of the identified genes (TP) were also correctly predicted to have a frame shift. Noteworthy, for the synthetic metagenome without artificial errors only 357 frame shifts out of 11,686 true positive predictions were registered. This finding shows the high reliability of the method to predict frame shifts. As for the above experiments, the specificity values obtained by each genome are high, the average specificity value is 95%.
Gene identification in environmental samples obtained by 454 technology
At present, the main drawback of the recently developed high throughput parallel pyrosequencing is the short length of the reads obtained (%100 bp on average). This is particularly undesirable when dealing with environmental data sets, since the sample is a large mixture of different species. To verify whether our algorithm is still able to identify genes in metagenomes obtained with the 454 technology, we assembled the 454 reads from the Solar Salterns sample into contigs and predicted the genes for the subset of all long contigs. For this verification we performed two experiments: First, a BLAST search against a database made from the set of all contigs from the Solar Salterns sample was conducted. Second, a direct BLAST search against a database of all 454 reads without prior assembly was employed. To validate the outcome from both experiments the respective predictions (extended to the longest possible ORF for that prediction) were compared with known proteins from the KEGG database (Ogata et al. (1999) ) using BLAST.
For both experiments, a high fraction of the predicted genes has significant BLAST hits against known proteins from the KEGG database. Remarkably, the number of predicted genes for the reads without assembly does not differ much when compared to the contigs (see Table 5 ). It should be pointed out that when looking at the BLAST hits against the KEGG database it seems that many of the predicted genes are fragmented due to internal frame shifts. Therefore during the BLAST search against the KEGG database, weaker E-values are obtained for these fragments. The predicted genes that do not match any known protein in the KEGG database constitute an interesting set for further studies as they could be either of false predictions, known genes with no or only a weak sequence similarity to the genes contained in KEGG, or more interestingly novel unknown genes. These results for the Solar Salterns sample demonstrate that the novel algorithm is well Sens all is the sensitivity calculated over all genes contained in the synthetic metagenome. Sens nh is the sensitivity calculated over the subset of all non-hypothetical genes. SC predicted: percentage of true positives (TP) that correctly span in-frame stop codons. Sens all is the sensitivity calculated over all genes contained in the contigs. Sens n h is the sensitivity calculated over the subset of non-hypothetical genes Assembled contigs and 454 reads without prior assembly were used for BLAST search.
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suited to predict genes in 'real' metagenomes, even if these samples are sequenced using the 454 technology.
Gene prediction in synthetic metagenomes using contigs and reads derived by pyrosequencing
We further evaluated the performance of the new gene finding algorithm for sequences obtained with the 454 technology (see Table 6 ), taking the synthetic metagenome dataset as a controlled standard of truth. The genes were predicted for the synthetic metagenomes dataset by employing a BLAST search against two different databases: one containing all assembled contigs from the Solar Salterns sample, and another containing all unassembled reads from the same sample. In respect to the small size of the database used in the BLAST search (16 Mb for the assembled contigs and 60 Mb for the reads without prior assembly) the sensitivity obtained is very good. The highest sensitivity is reached for Pyrococcus horikoshii, 67% and 63% (for the subset of all non-hypothetical genes) calculated for the reads without assembly and the assembled contigs, respectively. Interestingly, these findings indicate that in contrast to the sample from the Sargasso Sea, the Archaea group is more abundant in the sample from the Solar Salterns. A second interesting observation is the good performance when running BLAST against the 454 reads without assembly, despite the fact that the average length of the reads is 100 bp. A specificity of 84% is achieved on average. Moreover, when compared to the assembled contigs the sensitivity is increased by %11%. In particular, these results for the short 454 reads reveal one of the strengths of our method: to consider all BLAST hits at the same time by calculating the optimal path through the matrix of combined scores instead of analyzing simple pairwise BLAST hits. This strategy allows us to identify genes that get only several short hits, even if all of the single hits are not significant.
Yet, determining the correct boundaries of the CDS when running BLAST against a small database of 454 reads is difficult, many genes are only partially covered by hits. As an optional postprocessing step our algorithm therefore can automatically extend predictions to the longest possible ORF.
Time efficiency of the novel algorithm
The running time of the novel algorithm highly depends on the size of the BLAST database since most of the running time is consumed during the BLAST based search for conserved regions, for the parsing of BLAST results as well as for the calculation of combined scores. For the evaluation presented in this survey all runs of the algorithm were executed on a compute cluster located at the Center of Biotechnology (CeBiTec), Bielefeld University. The cluster is composed of 128 Sun Fire V20z nodes. Each node has two 1.8 GHz AMD Opteron 244 CPUs and 2 Gb of RAM. The overall running time was 1 hour and 50 minutes for predicting the genes of the synthetic metagenome (%24 Mb) when a BLAST search against half of the Sargasso Sea sample (%390 Mb) was employed. The running time in average is 28s for the BLAST search, 17s for parsing the BLAST results and calculating the combined scores and 1s for predicting coding sequence by dynamic programming and postprocessing for a 4 Kb fragment when run on a single node using one CPU.
GLIMMER performance on synthetic metagenome
Most of the contemporary gene finding methods model frequencies of short oligonucleotides to discriminate between coding and non-coding sequences (e.g. by using a Markov chain or a Hidden Markov model). Before these methods can be used for gene prediction, usually as a first step the model needs to be trained to learn the organism specific sequence composition of the genome under study. As most of these methods model average sequence properties they may fail to adequately learn the oligonucleotide frequencies of diverse microbial assemblages. Pitfalls of existing gene finding technologies were examined by employing the stateof-the art microbial gene finder GLIMMER as an example. GLIM-MER was trained on the synthetic metagenome itself as described in the Methods section. Subsequently, the trained GLIMMER was applied on each fragment. Although GLIMMER is very accurate for complete genomes (http://www.cbcb.umd.edu/software/glimmer/) the accuracy for the synthetic metagenome is strongly reduced (Table 7) . Table 7 also points to one substantial problem that may affect intrinsic methods when applied to environmental data: the diverse compositional biases of different organisms contained in the sample. Another problem may be the unequal abundance of species, as overrepresented species have a stronger influence during training which may result in an unbalanced model. Also the synthetic metagenome on which GLIMMER was trained is unbalanced as it contains fragments from seven genomes with a low GC content and from two genomes with a high GC content (GC > 55%). The average GC content is %47%. The prediction accuracy of GLIMMER for the synthetic metagenome strongly depends on whether the fragments come from a genome with a high or low GC content. While GLIMMER has a good performance for the genomes with a low GC content, for the two genomes with a high GC content the performance is highly reduced. For the Sens r and Sens c is the sensitivity for the synthetic metagenome when blasting against all 454 reads or against all assembled contigs. Sens n h r and Sens n h c is the sensitivity calculated for the subset of non-hypothetical genes of the synthetic metagenome when a BLAST search is done against the 454 reads and assembled contigs, respectively.
genome with the highest GC content (R. sphaeroides) the accuracy is close to the one expected by a random decision drawn by a flipping a coin experiment. Owing to the diverse composition, high species richness and unequal species abundance, real metagenomes isolated from natural occurring organism assemblages possess a considerably higher complexity than the synthetic metagenome used in this study. Therefore, it is reasonable to expect that for real metagenomes the problems that affect intrinsic methods should be even more profound.
DISCUSSION
In this paper we presented a novel algorithm that was designed to predict genes in environmental samples. The algorithm is robust for the most common problems encountered when predicting genes in these data sets: short length of the assembled contigs and a low sequence quality. Although, the focus of the algorithm is directed on the detection of novel genes, our algorithm can also be used to identify known genes in environmental samples: instead of searching against a database containing all fragments from the environmental sample a direct search against a database containing the sequences of known genes can be conducted.
Our results show that for large samples like the Sargasso Sea, a high fraction of the gene content can be identified based on the search for sequence conservation within the sample.
The results further demonstrate that even the short reads obtained by pyrosequencing can be used to identify protein coding genes. Therefore, environmental samples sequenced with the 454 technology may be a valuable resource to identify unknown (habitat-specific) genes. To search for novel genes our algorithm requires that at least a fraction of reads is assembled into contigs. Subsequently the complete database of reads can be used to predict the genes of these contigs. Our results therefore suggest the following strategy to identify novel (habitat-specific) genes in environmental samples: to sequence part of the sample with conventional methods to obtain longer fragments that can be assembled into contigs and additionally to sequence large amounts of data at low cost with the 454 technology to increase the size of the database that can be used to search for conserved sequences.
As our method relies on sequence similarities for the prediction of protein coding genes when running BLAST against the sample itself, the method strongly depends on the size and species composition of the sample. The sensitivity of the algorithm may be improved by incorporating general sequence properties of coding sequences or proteins. Genomes ordered by GC content. GLIMMER was trained on the synthetic metagenome itself. Sens all and Sens n h is the GLIMMER sensitivity for set of all and for the subset of non-hypothetical genes. Spec: Specificity
